Problem 1
Letting θ = {θ1, θ2,….θk} 
And considering δ1(X) = ӯ, δ2(ӯ) = 1 /(n – 1)∑nj=1 (yi− ӯ)2. 
r(θ, (yn)| yn) = E (θ − y)2 . 
But it is known that E(ӯ) = θ, 
Therefore, this would be r(θ, (yn)| yn) = V (X) = θ n. 
r(θ, (yn)| yn) = E (θ − δ2(y))2. 
But E [δ2(y)] = θ, 
Therefore, this would mean r(θ, δ2) = V [δ2(y)] 
= θ2/(n − 1)2×V [∑ni=1 (yi− ӯ)2]/θ
= θ2/(n − 1)2 × 2(n − 1)
= 2θ2/(n – 1)
Problem 2
Considering the set level of locus where x1, x2,…xn = c for some constant c ∈ R, with L being a non-negative. 
Specifically, setting all x1, x2∈ R provide that; 
c = 1/(2πσ1σ2) expon [− ½σ21 (x1 − µ1)2− ½σ22 (x2 − µ2)2]
2πcσ1σ2 = expon [− ½σ21 (x1 − µ1)2 – ½σ22 (x2 − µ2)2
Log (2πcσ1σ2) = − ½σ21 (x1 − µ1)2 – ½σ22 (x2 − µ2)2
 Log [½ πcσ1σ2]= ½σ21 (x1 − µ1)2 + ½σ22 (x2 − µ2)2
1 = [(x1 − µ1)2/(2σ21 log( ½πcσ1σ)] + [(x2 − µ2)2/(2σ22log (½πcσ1σ2)
By definition, this we equate r as
r1 = √(2σ21 log ½πcσ1σ2) while  r2 = √(2σ22 log ( ½πcσ1σ2) , 
This then follows that,
1 = ((x1 − µ1)/ r1)2+ ((x2 − µ2)/r2)2 
This implies c = 1 minimizes ∈=[((x1 − µ1)/ r1)2 + ((x2 − µ2)/r2)2]
[bookmark: _GoBack]Problem 3
L = (θ, ) =- θ, -1
Where c is a positive constant; as c varies, the loss function varies from very asymmetric to almost symmetric.





a. For c=0.2, 0.5, 1, plot L = (θ, ) as a function of θ, 
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Solution: First, since c is a positive constant ˆθ as c varies, the loss function varies from very asymmetric to almost symmetric where L = (θ, ).
Let `( ˆθ) = log(L( ˆθ)) and introduce the shorthand n1 = #{Xi = 1} and n0 = #{Xi = 0}. Using the properties of the log function, we can rewrite the above as follows
(ˆθ) = log(θ n1 (1 − θ) n0)
L(ˆθ) = Pˆθ (X1,…..,Xn)
=
 (1 − θ)1-Xi
	= L(ˆθ) = Pˆθ (X1,…..,Xn)
(b)     Let Xn=(X1, X2,,…,Xn) be a random sample from f(X;).Show that the buyer estimator of  using prior π is given by(Xn)=-1logE{eXn}
E X(n)<0
For θ= x, the distribution function for X(n) = max1nXi is
FX(n) (x) = P f max Xi	xg = P fX1 + x; X2 + x;Xn<xg
· (P fX1+ xgP fX2 + xg + P fXn<xg)/n + 1
d(X)=nX(n)
Problem 6
(a) 1-(1-f(x/n))n
From the definition of the derivative, we have
f(x/n) =limz-0[(f(x+z) –f(x))/z]
Substituting it, we get;
1-(1-[(f(x+z) –f(x))/z]n)
Expanding this gives;
1-(1-xn+nx2nz+nxz2n+zn+xn)/z
By simplifying this, we have;
                       = (-nx2nz- nxz2n- zn)/ z
                       = z(-nx2n- nxzn)/z
                                 = nx(xn-zn)

(b) Given the limn-∞  (f(x/n)-f(n) = λ 
By Definition, the divergence is ±∞. 
Therefore, by letting f : A → R, 
Where A ⊂ R, and provided that c ∈ R is a large point of A; 
Then limn_c f(x) = ∞ 
If and if for every N ∈ R there exist a δ > 0 
Such that 0 < |x − c| < δ 
Andn∈ A implies that f(x/n) > N, 
And;
Limn→c f(x/n) = −∞ if and only if in eachn∈ R there exists a δ > 0 
Such that;
0 < |x − c| < δ 
This implies that, n∈ A implies that f(x) < n. 
The notation limn→cf(x) = ±∞ means that the shorthand for the stated property by definition does not mean that there is existence of a limit, thus we can categorically say that limn_∞ (1+z/n)n = ez is real number that is larger than or greater than n, since it is positive while n is negative. This explains the central limit theorem.
(c).   The central limit theorem is important in this situation because it says how distribution of sampling can be approximated normally to produce distribution (bell) curve which is used to improve the sample size as we increase our sampling which generates the distribution sampling.
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